Previous results from a genome scan in an F 2 Iberian 3 Meishan pig intercross showed several chromosome regions associated with litter size traits in this species. In order to identify candidate genes underlying these quantitative trait loci (QTL), we performed an ovary gene expression analysis during the sow's pregnancy. F 2 sows were ranked by their estimated breeding values for prolificacy: six sows with the highest estimated breeding value (EBV) (i.e., high prolificacy) and six sows with the lowest EBV (low prolificacy) were selected. Samples were hybridized using an Affymetrix GeneChip porcine genome array. Statistical analysis with a mixed model approach identified 221 differentially expressed probes, representing 189 genes. These genes were functionally annotated in order to identify genetic pathways overrepresented in this list. Among the functional groups most represented was, in first position, immune system response activation against external stimulus. The second group consisted of integrated genes that regulate maternal homeostasis by complement and coagulation cascades. A third group was involved in lipid and fatty acid enzymes of metabolic processes, which participate in the steroidogenesis pathway. In order to identify powerful candidate genes for prolificacy, the second approach of this study was to merge microarray data with the QTL positional information affecting litter size, previously detected in the same experimental cross. As a result, we have identified 27 differentially expressed genes colocalizing with QTL for litter size traits, which fulfill the biological, positional, and functional criteria.
INTRODUCTION
A major goal of animal production is improving reproductive efficiency. Traits related to reproductive physiology carry important economic interest as moderate increases in litter size can largely increase gains in profit. Genetic improvement programs have led to moderate gains in litter size traits because of their low heritability, strong heterosis, and sex-and adultlimited measurements. However, these biological constraints can be potentially ameliorated by a better knowledge of the genetic architecture of prolificacy, which will lead us to new and complementary tools to implement gene and/or markerassisted selection.
The development of high-throughput technologies for largescale expression analysis, along with associated statistical and bioinformatic tools, has provided the means to analyze gene expression patterns on a global scale. Transcriptome analysis by microarray technology allows us to identify genes involved in a particular biological process and cluster genes based on expression profiles that are closely associated [1] .
So far, expression studies with porcine reproductive tissues are scarce. Only a limited number of transcriptome analyses of pig ovary have been conducted and have resulted in the detection of differential expression (DE) within a few gene networks [2] . Two studies [3, 4] used isolated follicles and whole pig ovaries from lines selected for increased ovulation rate (OR). However, no studies have undertaken an ovary gene expression study during pregnancy, when ovaries continue to synthesize different hormones that are essential for conceptus maintenance. The aim of this work was to investigate expression differences in ovaries of pregnant sows (at the end of the first third gestation) classified as high-or lowprolificacy level animals. During the first 12-18 days of pregnancy is when most conceptus mortality occurs in pigs [5] . At 30 days of gestation, the embryo is already attached to the endometrium, and its viability critically depends on several external and internal factors that could lead to a prenatal mortality rate ranging from 20% to 46% [6] . From the 31st day of gestation, fetal survival rate determines litter size; for this reason, we chose the 30th day on which to analyze maternal influence on litter size.
It is known that merging different strategies, such as ovarian transcriptome and quantitative trait loci (QTL) detection, for the study of complex traits allows us to maximize outcomes. A range of production traits have been mapped in livestock, but location confidence intervals remain wide, which makes the identification of causative mutations difficult. In particular, linkage analyses for litter size have been scarce and scarcely significant. However Noguera et al. [7] recently detected, for the first time, significant prolificacy QTL at the genomic level on Sus scrofa chromosomes 13 (SSC13) and SSC17. In addition, they have shown that the genetic architecture of sows' prolificacy depends on a complex system of epistatic interactions. They identified nine epistatic QTL for total number of piglets born (TNB) and nine QTL for number of piglets born alive (NBA). Compared to previous QTL studies of litter size, one of the points of success of the study by Noguera et al. [7] was the use of highly divergent European and Asian breeds for performing the F 2 cross, the Iberian and Meishan porcine breeds. Chinese Meishan, with an average of 14.3 piglets born alive per parity [8] , is one of the most prolific pig breeds of the world and is an excellent subject population with which to perform prolificacy studies. The Iberian breed is an autochthonous Spanish breed with very low prolificacy, a mean of 7.0 piglets per parity [9] . Additionally, both breeds are also highly divergent at the genetic level, as their ancestors are assumed to have diverged at least 150 000 years ago, without subsequent introgressions [10] . These characteristics make the Iberian x Meishan F 2 cross one of the best animal subjects for the study of prolificacy in pigs, because the segregation of prolificacy-related genes has been forced in the descendants [11] . Conversely, previous experiments that involved crosses between the Meishan breed and other standard European pig populations have shown differences of only three to five piglets born [12] . This is mainly due to the fact that standard European breeds were strongly introgressed with Chinese breeds in the 18th to 19th centuries, and consequently, they might not completely fulfill the assumptions and requirements of an F 2 intercross design [7] . In the present study, we have used the same experimental cross as that used by Noguera et al. [7] to maximize the genetic and phenotypic variability and thus the power to detect genetic effects on prolificacy.
On the other hand, QTL confidence intervals expand upon a chromosomal region that is too large to provide a limited list of candidate genes. In order to improve candidate gene selection, microarray studies can supplement QTL studies by suggesting potential functional candidate genes in QTL regions. Therefore, we have attempted to identify powerful candidate genes whose expression is associated with phenotype and are located in QTL confidence intervals to test the contribution of microarray data to the identification of quantitative trait nucleotides (QTN).
MATERIALS AND METHODS

Animal Material
The animal subjects consist of an experimental Iberian x Meishan F 2 intercross [7, 13] . Briefly, 18 Meishan sows were randomly mated by artificial insemination with 3 Iberian boars (Guadyerbas line) to produce the F 1 progeny. At sexual maturity, 8 F 1 boars and 97 F 1 sows were randomly selected to obtain an F 2 progeny, and as a result, we obtained 1100 F 2 animals. In total, 255 F 2 reproductive sows were randomly selected and mated with a large number of Large White boars. F 2 sows were ranked by their estimated breeding value (EBV), which was calculated by using best linear unbiased predictors (BLUP) according to records measured during four consecutive parities, as follows: NBA and TNB means, number of corpora lutea and OR, and number of fetuses (NF) were counted at slaughter (at 30 days of pregnancy). According to this ranking, 12 sows were selected (6 sows with the highest EBV and 6 sows with the lowest EBV) to be used in this experiment. Ovary samples were collected at slaughter and snap frozen in liquid nitrogen and stored at À808C; whole-ovary mixture homogenates were used for subsequent RNA extraction. All animal procedures were carried out according to Spanish and European animal experimentation ethics law and approved by the institutional animal ethics committee of IRTA.
RNA Isolation
Total ovary RNA was isolated using a RiboPure kit (Ambion, Austin, TX) following the supplier's instructions. The quality of the samples was assessed using an Agilent 2100 Bioanalyzer machine (Agilent Technologies, Palo Alto, CA). The RNA integrity numbers obtained were in the range of 7.0 to 9.0, which ensures the homogeneity and high quality of the samples. Sample quantifications were performed using NanoDrop-100 equipment (NanoDrop Technologies, Wilmington, DE). For each animal, total ovary RNA consisted of a mixture of an equal quantity of total RNA from both right and left ovaries.
Microarray Hybridization and Analysis
Affymetrix porcine chip. A noncompetitive hybridization with a GeneChip Porcine Genome Array (Affymetrix, Santa Clara, CA) was performed. This microarray contains 23 937 probe sets that interrogate approximately 23 250 transcripts from 20 201 S. scrofa genes. Total RNA from 12 animals (6 highand 6 low-prolificacy level sows) was transferred to the Institut de Recerca Hospital Universitari Vall d'Hebron (Barcelona, Spain) for reverse transcription, fluorescence labeling, hybridization on chips, and scanning. Briefly, from each sample, 5 lg of total RNA was reverse transcribed into cDNA molecules, labeled with biotin, and hybridized to the high-density oligonucleotide chip. Hybridizations were done according to Affymetrix standard protocols, and expression data were generated with GeneChip operating software. All protocols followed MIAME (Minimum Information About a Microarray Experiment) recommendations [14] , developed by the Microarray Gene expression Database Group (http://www.mged.org). The complete data set is available at Gene Expression Omnibus (GEO) under accession number GSE21383.
Data processing. Microarray data quality evaluation was carried out with AffyPLM software (Bioconductor; http://www.bioconductor.org/). Normalization was conducted to reduce technical variations between chips. Gene Chip Robust Multi-Array Average normalization was carried out with BRB-Array Tools software (version 3.6.0; http://linus.nci.nih.gov/BRB-ArrayTools.html).
Statistical analysis. Normalized microarray expression data (backgroundcorrected and base-2 logarithmic-transformed) were analyzed using a mixed model adapted from Byrne et al. [15] and successfully applied in modeling transcriptome variability of livestock animals [15, 16] using the equation
where y ijk is the normalized expression level of the probe, P i (i ¼ 1, 23937) in the array, A j (j ¼ 1, 12) from a pig of prolificacy of level k, PL k (k ¼ 1 or 2 for high or low prolificacy, respectively); (PxPL) ik is the interaction between prolificacy level and probe; and e ijk is the random residual term. A common residual variance of r 2 e was assumed. Prolificacy level was treated as a systematic effect, whereas probe was treated as a random effect with variance of r 2 P . The total phenotypic variance was r
, and ratios between variances, r , provide a rough estimate of the proportion of DE probes conditional on litter size level. We obtained restricted maximum likelihood estimates of these variance components and BLUP for random effects using variance component estimation software [17] . The difference in gene expression for probe (d i ) at high-prolificacy compared with that at low-prolificacy level was predicted as the difference between the corresponding BLUP estimates for (PxPL) ik interaction; i.e., d i ¼ BLUP (PxPL) high,i À BLUP(PxPL) low,i . We computed the respective z scores, defined as the standardized difference of gene expression predictions between prolificacy levels, (z
PL i
). Once the probes were ranked according to z P i
, we selected those with a false discovery rate of ,0.05, using the approach of Benjamini et al. [18] . P values of z scores were obtained assuming a standardized normal distribution.
GeneChip Porcine Genome Array Reannotation
Probe annotation was first done using an annotation file supplied by Affymetrix (https://www.affymetrix.com/index.affx). Owing to the possibility of misannotation, gene annotation was confirmed by using the Affymetrix sequence to design probes in the array and available from Affymetrix. Each sequence was analyzed by BLAST [19] to confirm the gene origin based on homology with other genomes such as human, mouse, and bovine among others. The assignment of a human gene name allowed a more elaborate analysis of the biological processes, by enabling the more effective use of software such as DAVID software (http://david.abcc.ncifcrf.gov/home.jsp), which cannot use porcine gene information.
Gene Ontology Annotation
Biological interpretation of data was carried out using a publicly available DAVID 2008 database tool [20] , which provides batch enrichment analyses to highlight the most relevant gene ontology (GO) terms associated with a gene list. This tool performs a statistical analysis to detect overrepresented functional gene categories in the gene list compared with all genes on the array. The functional annotation is reported with a P value, which is a modified Fisher exact P value, for gene enrichment analysis. Functional terms with P values 0.05 are considered strongly enriched in the annotation categories.
Real-Time Quantitative PCR
In order to confirm microarray results, seven genes were tested for validation by real-time quantitative-PCR (qPCR) by using the same 12 ovary 300 samples used for microarray studies. For each sample, first strand cDNA was synthesized using 1 lg of total RNA. Superscript II reverse transcriptase (Invitrogen, CA) and random hexamers were used in a total volume of 20 ll of reverse transcription reaction mixture following the supplier's instructions. Transcript-specific primer pairs (see Supplemental Table S1 , available at www. biolreprod.org) were designed with Primer Select software (DNASTAR, Madison, WI), using target sequences from Affymetrix probe design as templates. Standard PCRs of cDNA were carried out to verify amplicon sizes. Transcript quantification was performed using SYBR Green mixture (Takara, Otsu, Shiga, Japan) in an MX3000P unit (Stratagene, La Jolla, CA). Real timeqPCR reactions were prepared in a total volume of 20 ll containing 2.5 ll of cDNA (1/20 dilution), 10 ll of SYBR Green mixture, 0.4 ll of ROX II reference dye, and 0.15 mM of both forward and reverse gene-specific primers. A nontemplate control (without cDNA) was also included. Cycling conditions were 958C for 10 min followed by 40 cycles of 958C (15 sec) and 608C (1 min), where the fluorescence was acquired. Finally, a dissociation curve to test PCR specificity was generated by one cycle at 958C (15 sec), followed by 608C (1 min) and was ramped up to 958C with fluorescence acquired during the increase to 0.018C/sec. Data were analyzed with MxPro software (Stratagene). All points and samples were run in triplets as technical replicates, and dissociation curves were carried out for each individual replicate. Specific amplification was confirmed by single peaks observable on dissociation curves. PCR efficiency of each gene was estimated by standard curve calculation using four points of cDNA serial dilutions. Cycle threshold (C t ) values were transformed to quantities by using the comparative C t method, setting the highest relative quantities for each gene to 1 (quantity ¼ 10 ÀDCt /slope). Data normalization was carried out using the GAPDH and B2M reference genes. Comparisons of gene expression levels conditional on prolificacy level were done using a t-test.
Chromosomal localization of differentially expressed genes in QTL regions for litter size. Because only a partial pig genome sequence is available, localization of the 183 unique DE genes on porcine chromosomes of the pig genome has been realized by synteny using the comparative human-pig map (http://www.animalgenome.org/cgi-bin/QTLdb/SS/back/draw_rh2human), as previously described [21, 22] . Each gene location was estimated in centimorgans (cM) and was compared with the location of significant QTL previously identified for TNB and NBA [7] . Genes were considered colocalized with a QTL when they were positioned roughly in the confidence interval of the QTL. When there was more than one positional candidate for a given QTL location, genes fulfilling a biological function related to prolificacy were preferably selected. Table 1 shows descriptive phenotypic data from the F 2 sows used in this study. Mean differences in litter size (TNB and NBA) between high-and low-prolificacy groups were highly significant (P , 0.6 3 10 À6 ). Also, significant differences were observed in NF at the 30th day of pregnancy in the fifth parity (P , 0.005). However no differences were detected in the number of corpora lutea. The EBV of the complete population of F 2 sows ranged from 1.72 to À2.48. High-prolificacy sows showed EBV ranging from 1.72 to 1.49, while low-prolificacy sow EBV ranged from À2.03 to À2.48.
RESULTS
Phenotypic Records
Prolificacy Level Effects on Ovary Gene Expression
All chips passed the quality control and were included in the statistical analysis. Statistically significant expression differences (P , 0.01) between high and low prolificacy were observed for a total of 221 probes (Supplementary Table S2 ). Expression differences between groups ranged from 1.38-to 1.08-fold. Some of these unique probes contained different regions of the same genes, showing similar patterns of expression. After we took into account different probes belonging to the same gene, a total of 84 probes (72 known genes) showed overexpression in the high-prolificacy group, and 137 probes (133 known genes) showed overexpression in the low-prolificacy group. Therefore, after reannotation, a total of 183 probes representing unique genes were found to be differentially expressed. The GO annotation tool (DAVID software) allowed us to functionally annotate 163 of 183 differentially expressed genes. In order to identify pathways affected by prolificacy level, the overrepresentation of GO biological process was explored, and as a result, 56 processes (P , 6.0 3 10 À4 ) were identified ( Table 2) . Similar terms were further clustered in three main biological processes, as follows: the first group was involved in immune system response activation against external stimuli, stress, and wounding; a second group integrated genes that regulate maternal homeostasis by complement and coagulation cascades; and a third group was involved in lipid and fatty acid enzymes of metabolic processes, which participates in estrogen and progesterone synthesis. Moreover, the KEGG database (http://www.genome.jp/kegg-bin/show_pathway?hsa04610) was used to identify specific pathways overrepresented by the list of differentially expressed genes, showing the coagulation and complement cascade is the pathway most highly represented with the 12 genes involved.
Validation of Microarray Results by Real Time-qPCR
In order to validate microarray results, the expression of seven genes was tested by using real time-qPCR in the same RNA samples. Genes were selected to represent different pathways, and genes with higher fold changes and those whose function was related to prolificacy were prioritized. In total, (Table 3 and Fig. 1 ) for 85.7% of the tested genes by real time-qPCR. In all cases, the relative fold change of gene expression was in the same direction as the microarray data and always higher in magnitude by real time-qPCR than by microarray studies.
DISCUSSION
In this study we used an F 2 experimental cross, which involved two pig breeds with very different genetic origins, a European breed (Iberian) that traditionally shows low prolificacy levels and an Asian hyperprolific breed (Meishan). This cross produces probably one of the most interesting animal subjects for the study of litter size in swine, owing to the highly divergent phenotypic and genetic levels for prolificacy traits of Meishan and Iberian breeds, which allows us to maximize the outcomes. Thus, a previous QTL study [7] with the same F 2 Iberian x Meishan experimental cross showed that the genetic architecture of prolificacy in pigs is based on a complex system of epistatic interactions where alleles that individually and epistatically favor higher prolificacy are in preponderance in the Meishan breed. It can be hypothesized that polymorphisms with divergent allele frequencies between both of the breeds might be involved in ovary gene expression changes during pregnancy. According to this premise and keeping in mind that the superiority of Meishan sows for litter size is solely determined by the maternal genotype [23] , we selected sows from the F 2 experimental population for the study of expression differences between high-and low-prolificacy levels according to the EBV for this trait. Highly significant phenotypic differences were observed in TNB, NBA, and NF (2.4-, 2.2-, and 1.9-fold, respectively, in the high-prolificacy level). However, the number of corpora lutea was not differentially significant between groups. These results are in agreement with previous studies [24] indicating that OR seems not to be the main prolificacy-limiting factor in Iberian pigs. Regarding Meishan sows, their OR is higher than that of American [25] and European [26] breeds, but these differences do not explain the phenotypic differences in litter size observed among those breeds [27] . Notice that although OR determines the maximum number of possible offspring, this trait did not positively correlate with litter size [5] . In fact, it has been found that the rate of prenatal survival may decrease with increasing OR [26] ; the rate of prenatal loss is a strong influence on litter size [28] . Therefore, one of the reproductive tissues that could affect the rate of embryo survival is the ovary. Thus far, little is known about the role that ovary tissue plays during pregnancy, despite early reports of a narrow communication between uterus and ovary in pregnant sows. During pregnancy, an increased blood flow between uterus and ovary has been detected [29, 30] , as well as a segregation of progesterone by the corpus luteum to maintain the lining of the endometrium in early pregnancy. Other studies in pigs [31] have also shown that ovarian hormones influence retrograde transfer of prostaglandin E 2 secreted by the conceptus. Despite this previous evidence, the majority of expression studies in porcine reproductive tissues have been carried out mainly in preimplantation uterus [2] .
To our knowledge, our study has, for the first time, revealed expression differences among ovaries from sows of different prolificacy levels during pregnancy. A total of 221 probes were differentially expressed, some of them corresponding to genes previously associated with prolificacy processes (SPP1, RBP4, CYP19A1, and other genes), while others may be involved in the development or control of pregnancy. For example, the FAM46C gene has been identified and validated here as overexpressed in low-prolificacy sows, but until now, no association with litter size or prolificacy trait had been described. Other examples are the ISG15 gene, which regulates immune response, and the SNX18 gene, which is involved in intracellular trafficking. Moreover, 16 DE probes were not annotated with any database matches. Although expression differences between prolificacy levels were relatively small (from 1.38-to 1.08-fold), it is important to understand that small changes in gene expression level can be biologically important and may result in large phenotypic differences [32] . Furthermore, it is important to notice that microarray technology is less accurate than qPCR in detecting small expression differences. In fact, validation tests by real timeqPCR showed higher expression differences than those estimated with microarray technology (Table 3 and Fig. 1) . As an example, the OAS1 gene was overexpressed at the highprolificacy level, with 1.23-fold change in microarray studies; however, it was validated by real time-qPCR with a 4.94-fold change.
Gene expression analysis using microarrays is a method for identifying genes involved in specific biological processes. In order to achieve this goal, we tested the 183 genes unique for GO annotation terms for biological processes, which revealed 163 gene identities recognized by DAVID software. We could identify 56 different biological processes that could be clustered in three main groups, which are described below. 
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The most significant biological process with high percentages of genes was the immune system response activation and regulation, relative to different stimuli like stress, wounding, inflammation, extracellular and external substances, and other forms of stress. The immune system participates during pregnancy by self-regulating to prevent fetus rejection, as its response is regulated by sex steroids and factors associated with them. Maternal regulatory T cells, a family in the Tlymphocyte population with suppressive/regulatory properties, are devoted to maintaining antigen-specific T-cell tolerance and are, therefore, required to suppress maternal immune responses targeted against fetal alloantigens [33] . Thus, it has been accepted that this immune suppression regulation has an important role in maintaining a successful pregnancy, especially in early stages during implantation. Additionally, the large majority of genes that belong to the immune response activation group are upregulated in animals from the lowprolificacy group (e.g., HLA-A, HLA-DRB5, CCL16, CD44, C5, ORM1, ALOX15, and other genes). According to this evidence and keeping in mind that a lower rate of embryonic mortality seems to be the main reason for increased prolificacy of the Meishan pig [34] , we could hypothesize that sows with lower immune system activation are less prone to maternal fetal rejection, resulting in a more successful implantation rate. Likewise, studies in mice have shown that the ovarian expression levels of genes involved in immune response, among others, play a functional role in improving reproductive traits [35] .
The second group of DE genes integrates genes involved in regulation of homeostasis through the complement and coagulation cascades, which also interact with the immune system [36] . Through pregnancy, coagulation systems change from an anticoagulant to a procoagulant state to meet the hemostatic challenge of placentation and delivery. In ovary, growth factors, proteases, and protease inhibitors coordinate tissue remodeling and angiogenesis, which are essential for the formation of the corpus luteum [37] . Ten of twelve genes involved in the complement and coagulation cascade of the KEGG database were overexpressed in low-prolificacy sows (CFB, CFH, C5, CPB2, FGA, FGB, FGG, F9, SERPINA1, and PLG), and two genes were overexpressed in high-prolificacy sows (CD55, CR1). The CPB2, SERPINA1, and CFH genes code for coagulation and complement pathway inhibitors, suggesting an inhibition of these pathways in low-prolificacy sows.
The third biological process cluster groups lipid and fatty acid metabolic processes, where the expression of genes associated with transport of cholesterol into the ovarian tissue and steroid production are affected. Regarding steroid production, when follicles turn into corpora lutea during pregnancy in pigs, there is a shift from estrogen to progesterone synthesis, and estrogen synthesis is stopped. However, we have identified DE of genes related to both estrogen and progesterone synthesis. Thus, overexpression of one gene that encodes one enzyme that converts androgen to estrogen in porcine follicles (CYP19A1) [38] has been identified in lowprolificacy sows. According to this result and previous evidence showing the presence of CYP19A1 in the ovary of pregnant sows [39] , we could hypothesize that ovary overexpression of estrogens during pregnancy could be associated with a reduction of litter size in pigs. Conversely, Caetano et al. [3] , in an index line selected for OR, found overexpression of the CYP19A1 gene. These differences might be explained because this latter experiment was carried out during the estrous cycle when ovary follicles are actively synthesizing estrogens, while the ovaries used in our study were collected after 30 days of pregnancy.
The main function of corpora lutea is synthesis and secretion of progesterone in order to maintain pregnancy, especially during early stages. Changes in expression patterns of genes involved in progesterone synthesis could affect fetus maintenance. In the present work, low-prolificacy sows overexpressed genes such as the STARD6 and CREB transcription factors and genes involved in the cytochrome P450 complex (CYP2C19, CYP2E1, CYP3A43), which codifies enzymes that catalyze many reactions involved in the synthesis of cholesterol, steroids, and other lipids.
Other genes related to steroid hormones and overexpressed in high-prolificacy sows are NR4A2 and NR4A3, which are members of the steroid receptor superfamily [40] . Both receptors are considered important ovarian factors in regulation of female reproduction [41] . Moreover, higher expression of the NR4A2 and NR4A3 genes increases the sensitivity of follicles to steroid hormones [4] . Therefore, it seems that major expression of both receptors may result in increased litter size.
The second approach of our study was to combine microarray technology and linkage analyses in order to select powerful candidate genes for pig QTL affecting litter size, as DE genes located in a QTL region are obvious cis-acting positional candidate genes for the QTL [22] . First, DE genes were located on the pig genome by using human-pig comparative maps and linking the results with significant published QTL locations. However, linking QTL is quite challenging when, as in our case, the genome of the target species has not been fully sequenced, and therefore, annotation becomes extremely dependent on identification of homologues [22] . Currently, the most recent draft of the porcine genome (Sscrofa9) is still partial and likely to contain a large number of errors and gaps [22] . For this reason, we have inferred gene positions by using comparative mapping approaches, and thus, genes located within or near QTL confidence intervals have been accepted as candidate genes. We have identified 27 candidate genes for all published QTL, significant at the genome-wide level for TNB and NBA [7] (Table 4 ) located in 14 of 18 porcine autosomes. Three of them were among the genes tested by real time-qPCR (TST, SPP1, OAS1).
Other genes have been previously associated with prolificacy traits (CYP19A1, SPP1, RBP4, VTN, OAS1, and SPHK1). Thus far, 17 genes have been associated with litter size in swine (Table 5) ; the SPP1 and RBP4 genes [42, 43] are two of them. However, other DE genes in the present study have not been previously related with prolificacy (e.g., DHRS4) or even have unknown function (e.g., NCKAP5).
Furthermore, it is notable that DE genes elsewhere in the genome might share pathways with genes in the QTL region and reflect downstream effects of the QTL. Thus, the information obtained with expression analysis together with previous QTL analyses will also be potentially useful for prioritizing powerful candidate genes for single and epistatic QTL. Again, in complex traits, such as litter size, epistasis is expected to explain a substantial portion of genetic variations in reproductive traits [44] . Identification of interacting candidate genes, at different levels such as between proteins, allows us to detect powerful candidate genes for epistatic QTL. For example, the ITGB3 and VTN genes, located within epistatic QTL on SSC12 [45] , are involved in a functional interaction in embryo maintenance (see below). Studying genes at the pathway level is also important to identify interesting positional candidate genes in the QTL region that are not DE. This is the case with the ITGB3 gene, which is located within the confidence interval of one of the SSC12 QTL (11 cM) for TNB and NBA traits. The ITGB3 gene codes for one integrin, which is the receptor of VTN, encoded by the VTN gene, which is one of the genes identified as DE on the microarray study. Validation of the VTN DE by real time-qPCR is close to statistical significance (P ¼ 0.051). According to previous studies [7, 45] , both of the SSC12 QTL regions (11 cM and 86-89 cM) share an epistatic interaction; therefore, the ITGB3 and VTN genes would be powerful candidates for interactions between both proteins, as they have been reported previously in many different processes and species during pregnancy [46] [47] [48] [49] . In the present work, we have also identified interactions between many of the 72 unique DE genes, showing the complex network of interacting genes that regulates litter size. For example, the SPP1 gene, which codes for another ligand of the ITGB3 receptor, has also been identified and validated as DE between high-and lowprolificacy sows, and it is located within the confidence interval of one QTL at SSC8 (92 cM) for NBA (Table 4) . Additionally, SPP1 fulfills an important function at the maternal-conceptus interface by connecting multiple binding a Adapted from Buske et al. [51] .
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partners, including proteins encoded by the CD44 (SSC2) and CFH (SSC10) genes [50] , which also have been identified as being overexpressed in low-prolificacy sows in the present study.
Further investigation could be focused on characterization and analysis of those 27 candidate genes in porcine in order to find out the corresponding QTNs. After validation by microarray results or by real time-qPCR, the first step would be to fine map these prioritized candidate genes and seek out polymorphisms in regulatory regions like promoters and 3 0 untranslated mRNA regions.
In conclusion, the present study provides a list of powerful positional and differentially expressed candidate genes that may contribute to a better understanding of the mechanisms involved in pig litter size variations. Despite the limited number of samples used in this experiment, interesting and significant expression differences have been identified. These results help in the understanding of mechanisms that control litter size and are a first step toward identification of causal mutations with phenotypic effects that are potentially useful in selection for increased litter size in pigs.
